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Abstract 
Quantification of pathological tremor amplitude and frequency is fundamental for clinical diagnosis of neurological disorders and 
for robotics based-tremor suppression. In this work, a novel approach for real-time estimation of tremor amplitude and frequency 
using inertial sensors is presented. First, a miniaturized MEMS sensor is attached to the patient’s hand and calibrated with respect 
to it. This procedure permits to directly obtain wrist flexion/extension. Afterwards, a two stage algorithm for tremor estimation is 
implemented. It consists of a tracking algorithm that isolates tremorous movement, followed by an adaptive filter that estimates 
tremor parameters. The proposed technique has inherent zero phase, providing a tremor amplitude error of 0.3766 rad/s. 
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1. Introduction 
Tremor is commonly defined as an involuntary, approximately rhythmic, and roughly sinusoidal motion around 
a joint
1
. Although it poses no risk to life, 90 % of medically treated patients report disability. Moreover, pathological 
tremor is the most extended movement disorder. For instance, essential tremor, the most common type, affects to 4 
% of the population above 65 years of age
2
. Tremor oscillations are caused by different combinations of neural 
activities and mechanical resonances
3
.  
Current strategies in the management of tremor span from drugs to surgery, being the latter employed in those 
patients refractory to drugs. However, (a) tremor is not treated effectively in about 25 % of patients, (b) the drugs 
used often induce side effects, and (c) surgery is associated to a risk of hemorrhage and psychiatric manifestations 
such as an increased rate of suicide (4.3 %) after implantation of a deep brain stimulator
4
. Therefore, further 
research and new therapeutic options are required to manage tremor more effectively. 
As most tremors respond to a variation of the apparent impedance of the limb, biomechanical loading appears as 
a promising therapeutic alternative. In fact, a recent project validated, clinically and functionally, the efficacy of 
tremor suppression through internal forces applied by a wearable exoskeleton
5
. A controller applied adaptive loads 
to counteract tremor, without interfering with the user’s voluntary movements. This kind of robotics-based solution 
requires for real-time estimation of time varying tremor amplitude and frequency. Thus, development of accurate 
and robust tremor estimation algorithms raises as a fundamental aspect to further this approach. 
Moreover, accurate knowledge of tremor parameters is also relevant for clinical diagnosis. Although tremor 
amplitude is normally classified as moderate, mild or severe according to different scales based on visual inspection, 
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 the measured value of tremor frequency is the only subjective parameter clinicians use during the differential 
diagnosis of tremor
3
. Interpretation of traditional tools, e.g. Fourier analysis, is complicated in many patients
6
. 
This paper presents a new approach for real-time estimation of pathological tremor instantaneous amplitude and 
frequency based on Inertial Measurement Unit (IMU) information. 
2. Methods 
This paper presents wrist tremor data from one male subject suffering from essential tremor. He experienced both 
postural and kinetic tremor in the right upper limb. The patient had been previously diagnosed by the clinical staff of 
the Hôpital Erasme at Brussels, and gave his written informed consent. He had been asked to stop taking his 
medication some time before the recording session so that tremor was stabilized. Tremor recordings were performed 
during the execution of four tasks typically used during clinical diagnosis and functional analysis
7
. 
Most of the works in the literature that measure tremorous motions under real life circumstances utilize 
miniaturized accelerometers
1, as its small size does not interfere with the patient’s motion and its light weight does 
not alter tremor characteristics due to modification of the apparent limb impedance. Electromyography recording 
has also been largely employed, but its results are much harder to interpret. 
After a detailed analysis of the available technologies, MEMS IMU sensors have been selected. The current 
sensors are manufactured by Technaid S.L.
 
(http://www.technaid.com) and consist in three axes accelerometers, 
gyroscopes and magnetometers, which information is fused to obtain the absolute orientation of the sensor. Their 
weight is roughly 40 g and the static orientation error is below 1º. Sensors data is acquired at 1000 Hz.  
Two IMUs are employed to measure wrist flexion-extension. The first one is placed on the dorsal side of the 
hand, and the second one on the distal part of the forearm, at the dorsal side too. The difference in orientation 
between the hand and forearm IMUs along the axis parallel to the wrist serves to estimate flexion-extension. In 
order to align IMU axes with the anatomical wrist axes, a sensor to body calibration protocol, which provides sensor 
orientation with respect to the anatomical segment, is carried out. This constitutes a novel approach as other works 
report accurate and time consuming sensor placement routines
8
. The sensor to body calibration consists of recording 
of IMU data during the execution of two postural tasks (resting the palmar side of the hand on a table, and leaving 
the arm hang free) and one rotation (wrist flexion-extension itself). 
3. Real-time estimation of tremor parameters 
In order to track instantaneous tremor amplitude and frequency a two stage algorithm is proposed. It is based on 
the fact that tremor alters voluntary motion in an additive manner
9
 and that volitional movement during the activities 
of daily living (ADL) occurs in a frequency band lower than tremor
10
. In fact, tremor is generally assumed to happen 
in the 3-12 Hz band
1
, whereas ADL are performed at a frequency below than 2 Hz, Fig. 1(a). 
According to this, one could think of voluntary motion estimation as a tracking problem where only the slow 
(below 2 Hz) dynamics are to be tracked, neglecting the faster tremorous motion. Once an estimation of voluntary 
movement is generated it can be removed from the measured movement in order to get an estimation of tremor. 
Afterwards, an adaptive algorithm can be used to calculate instantaneous tremor parameters, Fig. 1(b). 
3.1. Estimation of voluntary motion 
Assuming that voluntary movements are performed in a lower frequency band than tremor, a series of algorithms 
that can be tuned to track only the slow dynamics of the system are implemented and evaluated. As the objective is 
to model tremor in real-time, low computational cost is a major requirement when selecting the candidates. Two 
candidate algorithms are selected, a g-h filter and a Kalman filter. 
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g-h filters are simple recursive filters that estimate the future position and velocity of a variable based on a 
constant velocity model, using measurements to correct these predictions in order to minimize the estimation error
11
. 
Even if the zero acceleration assumption is not fulfilled, they provide good performance if the sampling period is 
small as it is our case
11
. Parameters gk and hk determine the behavior of the filter. In this work two optimal solutions 
for their selection are evaluated: 
 The Benedict Bordner filter (BBF): The BBF emerges from a search among a wider class of filters to find an 
algorithm that minimizes the total transient error, defined as the weighted sum of the total transient error and the 
variance of the prediction error due to measurement noise
12
.  
 The Critically Dampened Filter (CDF): The CDF is an optimal g-h filter in a different sense, it is based on 
finding the least-squares fitting line of the previous measurements, giving less significance to older data than to 
latest data
11
.  
 Both the BBF and CDF provide a relationship between filter gains, which makes tuning a one parameter problem. 
 
 
 
 
 
 
Fig. 1. (a) Amplitude spectrum showing the different bands at which voluntary and tremorous motion happen; (b) Block diagram summarizing 
the two-stage algorithm for real-time estimation of instantaneous tremor amplitude and frequency.  
Together with the g-h filters, a Kalman filter (KF) is also evaluated. As for the g-h filters, the state vector is 
composed by the variable to be estimated (the voluntary motion) and its derivative
14
. Assuming that for voluntary 
motion tracking, tremor is just sensor noise, the variance of the tremorous motion is used to tune the noise 
covariance. The process noise is modeled as a piecewise constant acceleration model, which relies on the 
assumption that tremor undergo constant and uncorrelated changes between samples
13
. 
In order to select the most performing estimator, the three algorithms were evaluated with all the recorded data 
(Fig. 2(a)), providing a RMSE of 0.1986 rad/s, 0.1674 rad/s and 0.2152 rad/s for the BBF, CDF and KF 
respectively. According to this, the CDF constitutes the most adequate voluntary motion estimator. 
 
Fig. 2. (a) BBF, CDF and KF estimations of voluntary motion (solid line); (b) Top: WFLC estimation (dashed line) of tremor amplitude (solid 
line). Bottom: WFLC estimation of frequency (solid line) superimposed to the signal spectrogram (colored surface).  
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 3.2. Estimation of instantaneous tremor parameters 
According to tremor definition
1
, it seems feasible to adapt a time-varying Fourier series to tremorous movement. 
The Weighted Frequency Fourier Linear Combiner (WFLC) is an adaptive filter that, based on the LMS recursion, 
continuously adapts to the amplitude, frequency and phase of a signal
14
 with inherent zero phase delay and low 
computational burden. The WFLC has already been used for estimation of physiological
14
 and pathological
5
 tremors 
providing good tracking performance. 
Once voluntary motion is removed from the overall movement, the estimated tremor is fed into the WFLC, which 
adapts its frequency and amplitude to fit the ones of the tremor. The WFLC was evaluated with the clinical data, and 
after an iterative process to tune its parameters with synthetic tremor signals and clinical data, provided robust 
frequency estimation (an example is plotted in Fig. 2(b)) with a RMSE of 0.3766 rad/s. Convergence time was less 
than 1 s in all cases. 
4. Conclusions 
This paper presents a two stage algorithm for estimation of instantaneous tremor parameters. The first stage 
consists in generating an estimation of voluntary motion that is subtracted to the total motion giving an estimation of 
tremor, which, fed into an adaptive algorithm provides tremor amplitude and frequency. Data from wrist tremor of a 
patient was used to validate the algorithm, giving a RMSE of 0.3766 rad/s and providing robust frequency 
estimation. Motion capture was performed by means of IMUs, relying on a novel sensor-to-body calibration 
procedure which translates sensor recordings into easily interpretable biomechanical data. 
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